Abstract. Most people do not have a consciousness of energy saving. For this phenomenon, the governments are building smart grids to take measures for the energy crisis. Electric load data records the electric consumption and plays an important role in operation and planning of the power system. However, in home, electric load data usually has the abnormal, noisy and missing data due to various factors. With wrong data, we can not analysis the data correctly, then can not take the right actions to avoid the energy wastes. In this paper, we propose a new solution for the electric load data verification and repair in home environment. As the result shows, proposed method have a better performance than the up to date methods.
Introduction
Recent years, the smart grid develops rapidly, the load data has been a essential role for electric utilities [1, 2] . To get the load data, we must complete the smart grid, so smart meters are necessary to be built in various environment. In this way, we can get the load data, and gather the information about how appliances consume electric energy, and even the consuming patterns. For electric industry, the analysis of electric load data is important for the day-to-day operation, system analysis, energy saving and energy planning. For energy consumer, they can use the feedback information to help them save the cost.
In home environment, gathering load data accurately is a challenging task. There is often missing and wrong data in the process of collecting and transferring. It is caused by many factors, such as smart meters malfunction, communication failures, equipment outages and other factors. These cause a significant deviation in load, and can not represent the correct energy consuming pattern. If we work on these wrong data sets, the results would be useless, even misleading. So it is important to identify and correct the wrong data and fill the missing data.
Currently, many approaches are presented to detect and repair wrong load data, but few researchers focus on the load data repair in home environment. In this paper, we propose a novel method to verify and repair the load data. Missing data is treated as a special case of wrong data. There are three challenges in solving the problems. First, traditional statistical methods can not be used if a relatively large portion of data is wrong or missing. Second, it is difficult to judge whether a relatively large deviation represents wrong data or an underlying change in data patterns. Third, due to in home environment, it is hard to deal with its real randomness and uncertainty in electricity consumption.
The contributions of this work are as follows. First, we propose a "1 + N" method to validate if the data is correct, repair the wrong data. Second, we focus on the random electric consumption in home environment, the method can avoid the influence of the load data's aperiodicity in home. Also, the solution can be robust to a relatively large portion of missing data, and it can identify whether the deviation represents wrong data or an underlying change in patterns. The results demonstrated the effectiveness and high performance of the proposed solution.
Related Work
A closely related area to the load repair is outlier detection, which has been broadly studied in lots of fields, such as data mining and statistics. For outlier detection, researchers identify the outliers first, then find a proper way to correct them.
As these methods develop, outliers detection in time series has become a general mathematical concept in statistic field to be studied [3] . In statistic domain, the mean and median method suggested in [4] considers a given periodicity and replaces missing and corrupted data using the average or medians of the corresponding observations at different periods. This method does not fully take data distribution into consideration. A lot of methods assume that the data follow an underlying known probability distribution. Tang et al. split the data into some portrait data sets from a brand new perspective, they assume that the data sets follow some distributions, and find the outliers according to the distribution, replace the outliers with the estimated values finally [5] . Assuming data follow a certain distribution can convert the detection problem to finding the abnormal areas in time series. However, the distribution can not be precisely known to us all the time. What's more, traditional statistical methods can not handle the data which a relatively large portion of it are missing.
Some other methods [6−10] are regression-based. They assume that the load data have some certain pattern, but to home environment, the randomicity is a important feature which need to be considered. People's lives are not set carved in stone, incidents occur everyday, resulting in the strong stochastic load data. So these methods inevitably have large error and over-fitting problems. Other methods employ smoothing techniques.
Chen et al. [11] proposed a non-parametric regression method based on B-spline and kernel smoothing to fit the load curve data, then set a confidence interval to judge whether a point is an outlier or not. In general, the regression-based methods are based on their parameters. Smoothing techniques are sensitive to their training data, if missing data are out of the training data's range or training data can not represent the original data, the outcome will be bad. As a result, the consequence will be subject to these factors.
In the domain of data mining, a lot of methods based on similarity were proposed to detect outliers. Such as k-nearest neighbor [12] , k-means clustering [13] , and the neural network methods such as RNNs [14] are used. According the same features, they classify the observations, and find the observations which are far from the clusters. However, most of these methods are designed for structured relational data, and they are also time consuming for training process.
Problem Definition
A load curve data is a time series where the load values are collected at a certain time frequency such as every 1 s or hourly. The load data record status of domestic appliances, such as their current, voltage, power. The data is also influenced by various factors such as meter failures, communication interruptions or errors, and dynamism of customers. So, a load curve data consists of not only white noises but also some corrupted data.
Nowadays, the technology for smart meters is mature, the precision of smart meters is very high, and the fault rate is low. In home environment, smart meters are used to collected the data. The meters usually use zigbee to deliver domestic appliances' status data, due to the short transmission distance of zigbee, there will be communication interruptions sometimes, and it brings missing data. So the corrupted data is usually caused by the communication interruptions. As a result, the corrupted data in this paper is referred to the missing data. Under these circumstances, the data repair process is mainly to replacing the missing data.
In addition, traditional data cleansing methods check that if the observation is follow a certain pattern to identify whether the observation is corrupted or not. But the observation which does not follow the pattern may not be really corrupted. And in home environment, modern people's irregular lifestyle may not follow a so-called pattern. So defining a corrupted data in that way is not precise, and we need to find the corrupted data more precisely.
Definition 1: A load curve data is a time series S ¼ ðy
that is an n-values sequence ordered by time where t i is the timestamp and y i is the observation at the time t i .
In this paper, we focus on two tasks: First, validate if an observation is corrupted precisely. Second, fill the missing data caused by the communication interruptions.
As mentioned earlier, modern domestic consumers will not use appliances regularly, that is to say, the habits of people's using appliances do not follow a certain pattern. So we proposed a new solution to get rid of the influence of domestic consumers' irregular lifestyles.
System Construction
To collect data, we proposed a new way to get the data. Assume that the family has N appliances that needed to be measured, then we install N smart meters to get their data respectively. In addition, we install a smart meter at the power bus for the house. At last, put the server for receiving signals just besides the power bus to ensure the server can receive the signal from the power bus. Figure 1 shows the system layout. In this way, we have constituted our 'N + 1' model to get the data we want. In this paper, the data we collect is power.
Validate Data Quality
As we know, household electrical circuit is a parallel circuit, so that we can use the following formula to describe the relationship between the power bus and various domestic appliances:
where the P All is the value of the power bus, P i is the value of ith domestic appliance and there are n of the appliances, e is the error, it mainly refers to the line loss and white noise. Figure 2 shows that some value of e when all the appliances work stably. While all domestic appliances and smart meters work stably and well, then the difference between P All and P n i¼0 P i , i.e. e is less than a threshold, we consider the data is correct and true in this situation. Even there are some observations obviously deviate from their so-called regular patterns, the data is real and true. Because we get the values of power bus and various domestic appliances, according to (1), they can verify each other. Also, this could identify the outliers more precisely.
Fill Missing Data
As mentioned earlier, corrupted data refers to missing data and it is caused by the communication interruptions in home environment. And we consider that the data from the power bus is real and correct because of the system layout, it overcome the problem that the short communication distance of zigbee brings. If only one appliance miss its data, we can easily use (1) to fill the data. However, there are more than one appliances lose their data sometimes, interpolation techniques are used to help fill it. Interpolation techniques utilize the existing observed points to generate a new interpolation function, and this function will be carried out to get the interpolation to fill the missing data. x 0 ; x 1 ; . . .; x n are the n + 1 nodes of the time series, utilize them to construct the interpolation polynomial L n ðxÞ. Assume that they meet the following condition:
Lagrange Interpolation
Where y j is the real value. To construct L n ðxÞ, define the interpolation basis function as following:
Definition 2: Given a polynomial of degree n, L j x ð Þðj ¼ 0; 1; ::; nÞ, it satisfy the following conditions on n + 1 observations x 0 \x 1 \. . .\x n :
call these n + 1 L 0 x ð Þ; L 1 x ð Þ; . . .:; L n x ð Þ polynomials of degree n are the interpolation basis functions of the nodes x 0 ; x 1 ; . . .; x n . The n degree interpolation basis function is:
it obviously satisfies (4). Then the interpolation polynomial L n ðxÞ which meets the condition (3) could be expressed as following:
the polynomial like L n x ð Þ called Lagrange interpolation.
b-spline Interpolation
Given the control nodes P 0 ; P 1 ; . . .; P n , so that the b-spline curve of degree k((k-1)-th power) can be expressed as:
where N i;k t ð Þ are the basic functions of the b-spline curve of degree k, every one of them is called a b-spline.
The b-spline basic function N i;k t ð Þ is k order, it can be expressed as following:
de Boor Cox's recursive definition:
The recurrence formula shows that: the i-th b-spline N i;k t ð Þ of degree k is obtained depend on t i ; t i þ 1 ; . . .; t i þ k þ 1 k + 2 nodes.
Interpolation Fusion Method
Here we proposed a new interpolation fusion method to fill the missing data, in the case of more than one appliance lose their information. It based on the system layout, Lagrange interpolation and the b-spline interpolation. As the interpolation technique just simulate the data's trend roughly, it can not restore the data precisely. For simplicity, so there will be two situations: first, two interpolation methods' outcome are all larger or smaller than the real value, and one of them is closer. Second, one of them is larger than the real value, and the other is lower than the real value.
As mentioned above, we proposed a new interpolation fusion method to fill the missing data when there are more than one appliance lose data, the pseudo code of the algorithm is shown in Table 1 . Table 1 . Interpolation fusion method D 0 ; D 1 ; . . .; D n and E 0 ; E 1 ; . . .; E n are the observations of the appliances which have missing data,P l1 s and P l2 s are the outcomes of the Lagrange interpolation, and P b1 s and P b2 s are the outcomes of the b-spline interpolation, P known is the sum of the power that appliances which have no missing data.
Implementation and Performance
In this section, we implement our electric load data verification and repair method in home environment.
Data Verification
In this paper, we use the REDD data sets [16] , and assume that the appliances work stably, i.e. working appliances' number will not change, so that the e mentioned before will be steady, as Fig. 2 shows. In other words, we consider one situation of the working appliances' combination, the others are the same. When another kind of combination, the e will also be steady.
As domestic appliances work stably, the error e is steady, and we can use the average value of training data to represent the error e. And we use the most deviate observation as the bound value, if an observation deviate the average value more than the bound one, this will be thought as an outlier. After training, here we take 100 test observations randomly. These observations are observed real and correct in advance. Table 2 shows the consequence.
As the Table 2 shows, our methods could certificate the data's quality.
Fill Missing Data When Only One Appliance Miss Data
When only one appliance loses its data, we can use (1) to fix the data and get the following formula:
where P all is the value of the power bus, P unloss is the value of every value of the appliance which has no missing data, e is the error, here we used the existing data's average value. The performance of the b-spline and our proposed method, as Table 3 shows.
As seen in Table 3 , proposed method's performance is better than the b-spline which is the up-to-date method in outlier repair, and it is robust to the loss rate of data. Because the data is randomly corrupted, and the number of the working appliance is stationary, data is relatively stable. Also, we did not take some actual accidents into the experiment, so the b-spline have a relatively high repair accuracy. If we take some simulation situations of accidents, our method will be even better theoretically and the b-spline's performance will be bad for some special situations.
Proposed method can handle the condition that one appliance totally loses its data. As the data's loss rate raises, b-spline and other traditional methods will not work.
Fill Missing Data When More Than One Appliance Miss Data
When more than one appliance loses data, the method for one appliance losing data is not worked. So here we need two interpolation methods and our proposed system to construct the interpolation fusion method to repair the missing data. As the Table 1 shows how the proposed algorithm works. It can handle more than one appliance miss its data (Table 4) .
Proposed method fuses two interpolation methods, it seems just make a relatively little improvement as to b-spline method. But the method provide a good way to verify which outcome is better.
Conclusion and Future Work
This paper proposed a new data verification and repair method in home environment. The method considered the real condition that happens in home, and it collected the information of all appliances and the power bus, to make them verify each other. It also can handle the randomicity problem which has a big affect on the repair accuracy. As a result, it could verify the data quality precisely, and it can repair the missing data better than the up-to-date method. Its advantage is to solve the traditional method's inherent drawback that they assumed the data follows certain pattern or period. But the proposed method did not consider the change of the working appliances, it assumed that the number of working appliances is stationary. In the future work, we must consider the data fluctuation caused by the domestic users. So far, we just focus on the missing data, next we will also fix the corrupted data which caused by the mistake of the smart meters or the communication process.
